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BEHAVIORAL AND COGNITIVE PHENOTYPES ARE LINKED 
TO BRAIN NETWORK TOPOLOGY 
UZMA NAWAZ 
ABSTRACT 
Background: Schizophrenia manifests as a constellation of both psychotic symptoms 
(e.g., hallucinations, delusions) and so-called negative symptoms. The latter includes 
anhedonia, avolition, amotivation and they are the strongest predictors of disability. 
Resting state fMRI (rsfMRI) has demonstrated that the brain is organized into low-
dimensional number (7-17) brain networks and this allowed visualization of the 
relationship between symptom severity and large-scale brain network organization. 
Traditional rsfMRI analyses have assumed that the spatial organization of these networks 
are spatially invariant between individuals. This dogma has recently been overturned with 
the observation that the spatial organization of these brain networks shows significant 
variation between individuals. We sought to determine if previously observed 
relationships between symptom severity and network connectivity are actually due to 
individual differences in spatial organization.  
 
Methods: 44 participants diagnosed with schizophrenia underwent rsfMRI scans and 
clinical assessment. A multivariate pattern analysis was used to examine how each 





Results: Brain connectivity to a region of the right dorso-lateral pre-frontal cortex (r 
DLPFC) correlates with symptom severity. The result is explained by the individual 
differences in the topographic distribution of two brain networks: the default mode 
network (DMN) and the task positive network (TPN). Both networks demonstrate strong 
(r~0.49) and significant (p<0.001) relationships between topography and symptom 
severity. For individuals with low symptom severity, this critical region is a part of the 
DMN. In highly symptomatic individuals, this region is a part of the TPN.   
 
Conclusions: Previously overlooked individual variation in brain organization is tightly 
linked to individual variation in schizophrenia symptom severity. The recognition of 
critical links between network topology and pathological symptomology may serve as a 
guide for future interventions aimed at establishing causal relationships between certain 
critical regions of the brain and cognitive and behavioral phenotypes. Thus, fMRI and 
network topology may be translated to a clinical setting as a viable, individual-centered 
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 The Diagnostic and Statistical Manual of Mental Disorders (DSM-V) is 
comprised of over 20 categories of mental illnesses. As of 2016, one in five individuals in 
the United States suffer from one or more of these brain disorders (“NIMH » Mental 
Illness,” n.d.). Prominent among them is schizophrenia, a mental disorder that typically 
presents in individuals during their late adolescence or early adulthood. The diagnosis of 
schizophrenia is defined by an array of signs and symptoms and presents in each 
individual patient with a great degree of variation. The diagnostic criteria for 




• Criterion A: Two or more of these symptoms are persistent for about a 1-month 
period  
- Positive Symptoms (One symptom must be 1–3):   
1. Delusions  
2. Hallucinations  
3. Disorganized speech  
4. Disorganized or catatonic behavior 
- Negative Symptoms (Includes but is not limited to):  
1. Diminished emotional expression  
2. Amotivation 
3. Avolition  
4. Anhedonia 
• Criteria B: Social or/and Occupational Dysfunction  
• Criteria C: Signs and symptoms must persist for at least 6 months  
 
Studies have found that fewer than 14% of individuals with a diagnosis of 
schizophrenia were able to maintain recovery from these symptoms for longer than two 
years following their first episode of psychosis (Robinson, Woerner, McMeniman, 
Mendelowitz, & Bilder, 2004). A large US study showed that, following the onset of the 
disease, over 20% of individuals with schizophrenia were homeless within a year 
(Folsom et al., 2005). The effective treatment of this disease is a critical, unmet need. The 




with a two-pronged approach: early diagnosis and treatment. However, diagnosis simply 
identifies those in need of treatment. It does not provide insight into the discrete cause of 
the disorder in the brain. Clinical symptomatology is the most commonly used 
mechanism of diagnosis. Many physical and psychiatric symptoms overlap between 
diseases thus, presenting a limitation of this mechanism of assessment interviews. 
Without clear indication of the pathophysiology of a disease, therapies are stumbled upon 
almost accidentally for the most part and continue to be used as it has proven to be 
effective in other patients. So how can the actual pathophysiology of schizophrenia be 
identified in order to target treatment to the true root of the disease? One proposed 
approach is neuroimaging.  
 
Neuroimaging:  
Neuroimaging, the technique used to examine one’s brain structure or function via 
a non-invasive process is one of these more comprehensive methods of investigating 
pathophysiology. Visualizing brain function allows for a great deal of research to be 
performed without having to rely solely on probands’ (individuals with the psychiatric 
disorders) reports of their symptoms and physical presentations of the diagnosis 
indicators. Imaging allows identification of “biomarkers”, i.e measurable differences in 
the individual’s brain function when compared to a healthy control population. (Drysdale 
et al., 2017) The utility of such findings is to target treatment to the underlying 
pathophysiology causing the particular symptoms experienced by each individual patient.  




imaging (fMRI) is increasingly becoming the technique of choice in psychiatric research. 
fMRI tracks temporal correlations between the blood oxygenation level-dependent 
(BOLD) signals from various parts of the brain. Two categories of fMRI scans exist, 
task-based and resting state. Task-based fMRI compares the levels of BOLD signals that 
occur in the task and rest sections of each voxel of the brain (singular cubic volume of 
brain tissue) while the individual in the scanner is preforming a given task. (Rasero et al., 
2018) On the other hand, at rest, there are low frequency, spontaneous changes in the 
BOLD signals, thus allowing for the ability to map the spatial topology and functional 
connectivity of the brain. (He et al., 2007) Resting state fMRI (rsfMRI) is particularly 
useful in the identification of biomarkers for an array of diseases, including brain 
abnormalities. (Meda et al., 2016) This imaging modality is suitable for a diverse 
population range due to its limited demands on an individual. They are simply required to 
lay flat in a scanner and remain as still as possible. This is particularly advantageous for 
individuals with brain disorders that may impair their ability to perform certain tasks and 
reduces the innumerate confounding variables (e.g. attention, task comprehension) that 
exist when asking different individuals to perform in-scanner activities. It also does not 
require a great deal of one’s time as the scanner is able to collect reliable data with only 




Forests vs. Trees 
Figure 2. Forests vs. Individual Trees ((esa, n.d.) & (“forest, different type trees, park,” 
n.d.)) 
fMRI is the most widely used method of imaging in psychiatric research. (XUE, 
CHEN, LU, & DONG, 2010) There exists psychiatric research literature with image-
based findings for almost every brain disorder. (Farah & Gillihan, 2012) In fact, it has 
been found that research with brain images tend to garner greater trust and credibility 
from the public as it is providing a physical representation of what is otherwise an 
abstract health condition. (McCabe & Castel, 2008) So why does every psychiatrist not 
have an MRI scanner in their clinics? 
While its popularity is evident in research, the use of neuroimaging as a viable 
diagnostic technique is rare. (Farah & Gillihan, 2012) One explanation behind this can be 
illustrated by a metaphor of forests vs. trees. In most imaging research, the analytic 




significant at the group-level. Almost universally, when these significant group level 
differences are examined at the individual level, they do not show large enough effects to 
discriminate on the basis of imaging alone. As an example, consider an experiment that 
scans participants diagnosed with bipolar disorder in one of two different mood states: 
mania versus euthymia. Upon examination of the communication between two brain 
regions (e.g. Brodmann Area 46 and the amygdala), it was seen that connectivity between 
these regions was statistically significantly (Pearson’s significance coefficient, p<0.001) 
different between the manic group and the euthymic group. (Lee et al., 2019) This result 
would typically be reported as such in the imaging literature. Instead, if individuals 
within those groups (Fig. 3) were looked at, two things would become clear: One, there 
was a significant difference between groups and two, most data points from the two 
groups still fell in an overlapping set of values that even this highly significant result 
could not define which group an individual belongs to on the basis of imaging data.  
Clinical decision making is made at the level of individuals and it is for this 
reason that almost all imaging findings significant at the group level remain unable to 
inform decisions about individual-level treatments. (Farah & Gillihan, 2012) Thus, in 
order to institute neuroimaging as a wide-spread diagnostic technique for brain disorders, 
















Figure 3. Imaging identifies circuits whose connectivity varies with mood state. This 
figure represents a typical psychiatric neuroimaging finding. Every dot represents an 
individual with bipolar disorder scanned in either a manic (red) or euthymic (blue) mood. 
Two brain regions show significant (p<0.001) differences in connectivity in relation to 
mood state. (Lee et al., 2019) 
 
Understanding the Organization of the Brain 
While averaging groups of individuals’ scans does not allow for treatment 
development, understanding the general organization of a healthy human brain is critical 
to studying the disorganization of a brain of an individual with a brain disorder. Many 
approaches to the understanding the organization of the brain exist. Historically, these 




gross anatomy based (the division of the brain into lobes), and microscopic 
(cytoarchitectonics or the cellular organization of the brain). Modern neuroimaging 
techniques such as rsfMRI allow us to visualize the organization of the living brain. 
rsfMRI is a useful tool to visualize how areas in the brain coordinate in a number of 
distributed brain networks. At rest, spontaneous fluctuations in brain activity in different 
parts of the brain at the same time demonstrate a temporal relationship or functional 
coupling. This allows for the visualization of connectivity within networks.  Functional 
connectivity, visualized in the scanner, has also been found to be anatomically 
representative (i.e. recapitulating known neuroanatomy), deeming it a reliable technique 
for establishing the organization of the cerebral cortex into networks. (Buckner, Krienen, 
Castellanos, Diaz, & Yeo, 2011)  
In a set of seminal experiments, investigators examined the connectivity of all 
regions of the cerebral cortex. Subsequently, a clustering and parcellating approach was 
used to distinguish between functionally distinct regions and sets the boundaries for the 
























Figure 4. Seven networks identified using functional connectivity, resting-state fMRI 




In addition to within-network, correlated functional connectivity relationships, 
there has also between-network, anti-correlated interactions. When the brain is signaled 
to perform a task, or is activated by a stimulus, the networks of the brain responsible for 
carrying out the function increase activity while those unrelated to the task decrease 
activity. The networks found to be most directly anti-correlated with one another are the 
task positive and task negative networks. In reference to Yeo et al.’s seven networks, the 
task positive network (TPN) consists of the dorsal and ventral attention networks 
(DAN/VAN) while the task negative network is also referred to as the default mode 
network (DMN). The DMN is named as such due to its increased activity at rest. (Fox et 
al., 2005) Thus, intrinsic anti-correlated activity between networks could be related to the 
different mechanisms the brain must employ to respond to varying tasks. (Greicius, 
Krasnow, Reiss, & Menon, 2003) Thus, variations in individual’s abilities to do so due to 
a brain disorder may be directly linked to the anti-correlated relationship of their 
networks.  
While the network organization of the cerebral cortex alone is telling, the 
cerebellum is also an important source of individual variation and has implications in 
multiple brain disorders, including schizophrenia. (Marek et al., 2018) The seven 
networks found in the cortex are also found in the cerebellum with varying levels of 
functional connectivity. This was found by a seed-to-seed analysis of the strongest 
correlations between every voxel in the cerebellum to the voxels within each cortex 
network. On a group-level basis, the extent of network representation in the cerebellum 




the cerebral cortex were also found to have the strongest correlations of connectivity in 
the cerebellum (Buckner et al., 2011) The importance of the networks in the cortex, 
cerebellum and the cerebrocerebellar circuits points to the need for a whole-brain analysis 
for thorough comprehension of individual topographical variation.  
 
Individual Differences in Functional Connectivity  
The spatial organization of the networks outlined above were found through 
averaging the voxel-to-voxel functional connectivity within the cerebral cortex (Thomas 
Yeo et al., 2011) and between the cerebral cortex and cerebellum (Buckner et al., 2011) 
of 1,000 participants. In the same vein, most studies examining how factors such as 
behavior, cognition and diagnosis are reflected in these networks, also assume that spatial 
organization is consistent from one individual to the next. Thus, results were most often 
found on an averaged group-level basis.  
An example of such a study was conducted by Wang et al. The authors examined 
brain network topology in 61 individuals with mild cognitive impairment, 56 with 
moderate cognitive impairment and 97 healthy controls separately. The three averaged 
values were used to make inter-group comparisons to demonstrate a significant 
correlation between high levels of cognitive impairments and more changes in functional 
connectivity in networks found in the temporal and somatomotor regions. However, 
within group differences were not made to establish such findings on an individual level. 




Nonetheless, strides have been made to demonstrate individual variation in 
network topology among healthy control participants. Nico Dosenback and his lab 
created the ‘Midnight Scan Club’, scanning each participant in the study sample 10 times 
on 10 separate days, each scan beginning at midnight. (Marek et al., 2018) Looking at the 
preliminary data of one of the sessions, it was evident that the assumption that resting-
state brain network topology is constant between individuals is invalid. Variation in the 
spatial orientation of pieces of the networks were significantly different from one 
individual to the next, a variable not captured by averaged functional connectivity maps. 
(Fig, 5) (Gordon et al., 2017) In fact, from the same dataset of the 10 individuals, it was 
found that the cerebellum is more effective than the cerebral cortex in demonstrating 
individual differences as there is greater between-subject variation in its network 
organization. (Marek et al., 2018)  
Thus, can these individual differences in spatial organization be utilized to reflect 
differences in one’s cognition, behavior or disease symptomology? Current datasets that 
focus on individual-level network topology, such as the ‘Midnight Scan Club’, are 
limited in sample size and correlational findings are difficult to establish. Therefore, with 
the use of a larger sample size, our group demonstrated the correlations between 
differences in network topology on an individual-level and social cognition. In the 
















Figure 5. ‘Spring-embedded’ plots showing the nodes of each brain network in (A) the 
group average and (B) each of the ten participants individually, demonstrating the 






Emotional Intelligence and Brain Network Topology 
It has become clear with the growing use of the rsfMRI and functional 
connectivity measures, each individual’s network topology is distinct. So, what are the 
implications of these differences on a particular behavioral or cognitive phenomenon?  
In schizophrenia, social cognitive impairment is a hallmark criterion for 
diagnosis. (Tandon et al., 2013) It is one of the most pernicious, disabling and medication 
refractory symptoms of schizophrenia and other severe mental illnesses. (Ling et al., 
2019) The importance of finding topology-social cognition links is, thus evident as it is a 
symptom that physicians often see in the clinic but are at a loss of how to treat. In the 
same vain, negative symptoms were also chosen as the focus of this analysis due to its 
debilitating nature and limited treatment availability. Social cognition is defined as the 
ability to process, understand and participant in social situations. This entails 
understanding one’s self, others and the relationship between self and other. (Guida et al., 
2019) Within social cognition is a capability called emotional intelligence. This 
phenomenon entails understanding one’s own and others emotions, managing and 
employing emotions appropriately and adapting emotions to changing 
situations.(Abdollahi, Hosseinian, & Rasuli, 2019) A common scale used to measure 
emotional intelligence is the Mayer-Salovey-Caruso Emotional Intelligence Test 
(MSCEIT). (Mayer, Salovey, Caruso, & Sitarenios, 2003) 
Individuals with schizophrenia experience this dysfunction to varying degrees, 
affecting one’s daily functioning. rsfMRI/functional connectivity provide insight into the 




brain was studied to identify relationships between brain network topology and social 
cognition as measured by individuals’ MSCEIT scores. The identified region was the 
superior parietal lobule (SPL), the region of the brain dominated by the Default Mode 
Network (DMN) and Dorsal Attention Network (DAN). The relationship between this 
region of interest (ROI) and the level of emotional intelligence was mediated by the 
network membership of the DMN and DAN to the SPL. In individuals with high 
MSCEIT scores (high emotional intelligence), this SPL region was a part of the DMN 
(Fig. 6A) In individuals with lower MSCEIT scores (lower emotional intelligence), this 
SPL region was part of the DAN (Fig. 6B). Variation in emotional intelligence as a result 
of differences in network topography was not limited to schizophrenic participants as 
replicated findings were found in healthy controls as well. This transdiagnostic finding 




Figure. 6 Changes in membership of the SPL to the (A) DMN and (B) DAN are 
significantly correlated to individual differences in emotional intelligence (MSCEIT 






It was hypothesized that the relationship observed between network topology and 
social cognition is not unique to social cognition. The overall hypothesis for the 
following analysis is such a topology-phenotype relationship can be discovered in other 
behavioral and cognitive phenotypes. While social cognition normative, i.e. a process that 
occurs in everyone regardless of diagnosis, attention was turned to disease specific 
processes. Specifically, the question asked if symptoms of schizophrenia that are not 
observed in healthy participants also show links between network topology and 
phenotype (symptom severity). In order to convincingly demonstrate rsfMRI and whole-
brain functional connectivity analyses as a viable diagnostic and treatment development 
technique, its ability to establish relationships between specific regions of the brain and 
symptoms is vital.  
Schizophrenia manifests as both positive (e.g. hallucinations) as well as ‘negative 
symptoms’ (e.g. anhedonia, amotivation). Of these two symptom categories, negative 
symptoms are found to be more debilitating and often lead to a significantly poorer 
quality of life. (Ho, Nopoulos, Flaum, Arndt, & Andreasen, 1998) Negative symptoms 
are best characterized by blunted affect, alogia (lack of speech), asociality (antisocial 
behavior), anhedonia (inability to experience pleasure), and avolition (lack of 
motivation). (Kirkpatrick, Fenton, Carpenter, & Marder, 2006) The extent to which 
individuals are experiencing specifically negative symptoms is measured by the Scale for 
the Assessment of Negative Symptoms (SANS). (Andreasen, 1987) However, the 




specifically targeted to them is limited. (Lincoln, Dollfus, & Lyne, 2017) Research on 
negative symptoms in schizophrenia has implicated the involvement of the dorsolateral 
prefrontal cortex (Mao, Cui, Zhao, & Ma, 2015), thus it was thought that this region of 
the brain would be seen in the findings. Equally the variation in functional connectivity 
would provide insight into the interplay between individual network topology and 
negative symptom severity. However, for the purpose of the following analysis, an 
entirely data driven approach was taken in order to demonstrate any and all findings 





(1) Examine the relationship between individual network topology and individual 
differences in schizophrenia severity   
 
(2) Test the hypothesis that links between network topology and cognitive/behavioral 
phenotypes are generalizable phenomena 
 
(3) Identify specific regions of the brain to target in the treatment of symptoms and 









Participants included in the following analysis were recruited for the clinical trial, 
“Brain Imaging, Cognitive Enhancement and Early Schizophrenia” at the various 
healthcare facilities in Boston and Pittsburg by collaborators from Beth Israel Deaconess 
Medical Center (Boston, MA) and University of Pittsburg (Pittsburg, PA). (“BICEPS,” 
2012) [NCT01561859]. Prior to enrollment in this longitudinal, randomized study, all 
participants were given written informed consent. Of the study sample, 44 participants 
with clinical and imaging data were analyzed. The scans included in the analysis were 
those collected at baseline (i.e. first session of study). Participants demographic and 
clinical data can be found in Table 1. 
BICEPS participants were screened based on strict inclusion criteria. The first 
criteria required the administration of the Structured Clinical Interview for DSM (SCID) 
by qualified administrators. Based on the scoring of SCID, participants had to be 
diagnosed with schizophrenia or schizoaffective disorder. (“Structured Clinical Interview 
for DSM Disorders (SCID),” 2018) Other inclusion criteria in regards to the participant’s 
diagnosis required that they: (1) had their first psychotic symptoms less than 5 years prior 
to enrollment, (2) had stable positive symptoms based on assessment using the Clinical 
Global Impression score, a 7-point scale that allows clinicians to assess the severity of the 
participant’s illness at that time point (Busner & Targum, 2007), (3) were taking a 
prescribed antipsychotic medication upon enrollment, and (4) had severe social and 




Interview. Additional criteria included an IQ score >80, ages 18–36 years old and the 
ability to read and speak English fluently at a sixth-grade level or higher. (“BICEPS,” 
2012) 
Exclusion criteria for probands participants (participants with a diagnosis of a 
psychiatric disorder) include: (1) MRI contraindications such claustrophobia, metal in the 
body, cardiac pacemakers, neurostimulators, implanted insulin pumps, cochlear implants, 
heart stents and several others as outlined by the MRI consent forms (2) continued 
suicidal or homicidal behavior, (3) recent history of substance abuse or drug dependence, 
or (4) neurological or medical disorders (seizures, traumatic brain injury, cerebral palsy) 
that could produce any cognitive impairments or limit one’s ability to make their own 














(n = 22) 
 
    (n = 22) 
Mean Age (SD) 23.45 (±4.1) 25.36 (±4.8) 




Female 5 10 










Other  8 3 





Schizoaffective Disorder (SA) 4 5 
*Mean CPZE mg (SD) 312.43 (285.53) 299.63 (169.5) 
*Mean FD mm (SD) 0.14 (0.075) 0.14 (0.089) 
Mean SANS Scores 34 33.45 
*CPZE- Chlorpromazine Equivalents 
*FD- Framewise Displacement   
SD- Standard Deviation  






I. SANS Scores 
The Scale for the Assessment of Negative Symptoms (SANS) is a measurement tool 
developed by Nancy Andresen. (Andreasen, 1987) This test is the first scale developed to 
specifically measure negative symptoms of schizophrenia. SANS scores are measured on 
25 items. Each item is measured on 6-point scale, with 0 indicating none or no experience 
of the negative symptom and 5 indicating severe as well as an option U for unknown/ 
cannot be assessed. The assessment is organized into five categories: affective flattening 
or blunting, alogia, avolition/apathy, anhedonia/asociality, and attention. The scale itself 
provides definition for each of the 5 items within each domain in order to ensure that 
participants fully understand what is meant by the particular negative symptom. (Kumari, 
Malik, Florival, Manalai, & Sonje, 2017) The scale was administered to each participant 
during a neuropsychiatric session.  
 
MRI Data Collection  
I. Boston:  
Participants were placed in 3T Siemens Trio scanners with a standard 32-Channel head 
coil. (Fig. 1A) Data was collected in the form of both structural as a high resolution T1 
image and functional through a 6.2-minutes (124 time points) resting state functional 
MRI (rsfMRI). Participants were a to remain still in the scanner, look straight ahead, and 
keep their eyes open. The scanner’s echoplanar imaging parameters are found 




II. Pittsburg:  
Participants were placed in 3T Siemens Verio scanners with a standard 32-Channel head 
coil. (Fig. 1A) Structural data was collected as T1 images and 6.2 minutes (124 time 
points) rsfMRI. Echoplanar imaging parameters of the scanner are summarized in Table 
2. (Ling et al., 2019) 
Table 2. Scanner Echoplanar Imaging Parameters (Ling et al., 2019)  
Parameters Boston Site  Pittsburg Site  
Repetition Time (TR) (ms)  3000 3000 
Echo Time (TE) (ms) 30 30 
Flip Angle (°) 85 85 
Voxel Size (mm) 3 x 3 x 3 3 x 3 x 3 
Axial Sections (#) 47 45 
 
Functional MRI Data Pre-Processing  
  Matrix Laboratory (MATLAB), (“MATLAB - MathWorks,” n.d.) a MathWorks 
product, is a programming software that includes the rsfMRI data processing pipeline, 
Data Processing and Analysis for (Resting- State) Brain Imaging (DPABI) (Fig. 7). Data 
Processing Assistant for Resting-State fMRI Advanced (DPARSF A) is the analysis 
toolbox within DPABI that was used to preprocess all the functional data. (Yan, Wang, 




functional and structural data was found. The participants were input via the starting 
directory labeled, ‘FunImg’, which contained each participant’s T2 BOLD fMRI scan. 
Time points, or number of scans were set to 124 and the first 4 were removed to reduce 
the effects of head motion calculation and correction. A slice number of 47 was input in 
the slice order 1,3,5,7,9...2,4,6,8,10… Image series for each subject were realigned via 
the ‘Realign’ function. Structural and functional images were co-registered via ‘T1 Coreg 
to Fun’.  
 The structural data, T1 MPRAGE scans were used as a tool by DPARSF A to 
ensure that the rsfMRI scans were transformed into the MNI152 space with the same 
adjustments as were made on T1. The structural images undergo ‘Voxel-Based 
Morphometry’ (VBM) analysis which includes segmentation of the grey matter, white 
matter and cerebrospinal fluid via the ‘New Segment + DARTEL’ function. (Ashburner, 
2007) The DARTEL algorithm was used to warp each individual’s functional image from 
their native brain space to MNI space. (Ashburner, 2007) In order to minimize effects of 
motion, Friston 24-parameter motion correction (Friston, Williams, Howard, Frackowiak, 
& Turner, 1996) is used to autoregress head motion, global signal, SPM a priori, CSF 
and white matter signals. Included in the nuisance covariate regression was Following 
covariate regression, the data was filtered to select signals at a 0.01-0.08 Hz frequency. 
Using ‘Normalize by DARTEL’ and ‘Smooth by DARTEL’ tool, the final filtered data 
was placed into MNI space and smoothed on the basis of an 8 cubic mm full-width at half 
maximum (FWHM) Gaussian kernel. The final results included derived gray matter 





Figure 7. DPABI User Interface (Yan et al., 2016)  
 
Quality Control  
Prior to further analysis, the processed rsfMRI scans were checked by 
experienced rater to ensure correct normalization and discard volumes with motion, flips, 
or bisections. Each participant was filtered in degrees of head motion (3.0mm, 2.5mm, 
2.0mm, 1.00mm). All of those above 1mm of head motion were discarded from the 
analysis in order to minimize effects of motion of the results. ‘Framewise Displacement’ 
(FD) (Power, Barnes, Snyder, Schlaggar, & Petersen, 2012) was calculated for all 




value were regressed out as nuisance covariates. Participants with more than 50% of 
volumes (60 of 120 time points) regressed out were excluded from the analysis. 
 
Multivariate Distance Matrix Regression  
In order to identify the relationship between variation in specific brain networks 
and negative symptoms of schizophrenia, multivariate distance matrix regression was 
used. (Shehzad et al., 2014) MDMR tests examine every brain voxel and its whole brain 
connectivity to establish common trends among participants with similar negative 
symptoms scores. (Ling et al., 2019) The process consists of a number of steps as 
outlined by figure 8. From the gray matter masks created in the pre-processing step, each 
individual voxel underwent a seed-to-voxel analysis, where the seed is the specific 
chosen voxel against every single other voxel in the mask. A pair of functional 
connectivity maps featuring positive correlations and negative correlated are generated 
for each participant to calculate Pearson correlation coefficients (r-value) (Fig. 8B). The 
second step compares these correlation coefficients generated for each voxel to the same 
corresponding voxel correlation value of another participant. The purpose is to measure 
inter-participant similarity between that voxel and whole-brain connectivity as given by 
an r-value. (Shehzad et al., 2014) In a third step, this r-value was used to calculate the 
distance between one participants connectivity maps to another. The formula was 𝑑$% = 
&2(1− 𝑟$%,, where d represented the distance between participant i and j and r was the 




 The fourth step consists of comparing the generated distance values to the 
participants’ SANS scores. This is done by first generating a distance matrix using, 𝐴 = 
(− /
0
𝑑$%0 )/2$,%24, where d = the between subject i and j distance metric calculated above 
and n is the number of participants (44). The matrix value, A is, in turn, used in the 
formula for a Gower’s centered dissimilarity matrix, G=5𝐼 − /
4
1178 𝐴 5𝐼 − /
4
1178, in 
which n is the number of participants, I is n x n and A is distance matrix above. Finally, 
the Gower matrix (G), the number of participants (n), the predictor variable, SANS scores 
(m), the design matrix of predictor values (X=n x m) are used to generate a whole brain 
map. The formula to do so is outlined as F= 9:(;<))/(>?/)
9:[(/?;)	<]/(4?>)
, where H=X(𝑋7𝑋)?/𝑋7 . 
(Fig. 8D) (Shehzad et al., 2014) & (Ling et al., 2019) This map shows the significance of 
the relationship between SANS scores and the functional connectivity at each voxel via 
F-statistics. (Fig. 8E)  
Clusters of significant voxelwise F-statistics are used to identify regions of 
interest (ROIs). Due to the large number of comparisons, corrections were made using a 
nonparametric permutation for voxels larger than a threshold of p< 0.001 and clusters of 
voxels at p< 0.05. (Fig. 8F) These thresholds were chosen in order to maximize precision 
through replicability while maintaining accurate results. The resulting, corrected clusters 
of F-statistics identify specific anatomical areas of the brain or networks where an 
individual’s SANS score is most correlated to functional connectivity. (Ling et al., 2019) 
These regions of the brain are then used in further analysis to identify trends and 





Figure 8. Process of Multivariate Distance Matrix Regression (Adapted from Ling et al., 
2019) 
 
Seed-to-seed Brain Connectivity Maps Analysis  
Following the creation and analysis of distance maps in MDMR, DPARSF A was 
used to extract time points of the BOLD signal of the rsfMRI scans in reference to a 
specific ROI identified in the MDMR process. Whole brain connectivity maps were 
generated and the resulting z-transformed Pearson’s correlation coefficients were used in 
the program, Statistical and Parametric Mapping (SPM12). (“SPM - Statistical Parametric 
Mapping,” n.d.) The generated ROI were individually inputted into SPM along with the 




against SANS scores. The SPM results were spatial maps that demonstrated the 
relationship between connectivity of the whole brain to each ROI and SANS score. 
Single-sample t-tests were run on these generated maps to demonstrate between-subject 
similarities and dissimilarities. (Ling et al., 2019) In order to ensure accurate correlations, 
age, scanner site, sex, CPZE and FD for all subject motion (Power et al., 2012) were 
controlled for as covariates. The same process was done on 4 groups of 11 participants 
separated based on their SANS scores from highest, second highest, third highest and 
lowest. This allowed for a more detailed understanding of the relationship between 
severity of SANS scores and functional connectivity to the ROIs. 
 
Statistical Analyses and Plot Generation of Connectivity Maps vs. SANS Scores  
R Studio (“Open source and enterprise-ready professional software for data 
science - RStudio,” n.d.), a coding programming system was used to generate graphs, 
calculate statistical significance and correlation values. An R package, ggplot2 was used 
to create graphs demonstrating the correlations between both SANS Scores and the ROI 
to ROI connectivity maps generated in the previous step. A second R package, ppcor was 
used to generate a Pearson’s correlation coefficient (r-value), demonstrating the degree of 
correlation between the phenotype and connectivity map as well as a p-value, 
establishing the significance of the relationship.  These values were generated while 





Identification of the ROI: The Right Dorsolateral Pre-Frontal Cortex (rDLPFC) 
As a result of the MDMR analysis on 44 participants, one ROI was identified to 
have significant intrinsic functional connectivity that correlated to SANS scores. The 
rDLPFC is a frontal lobe region that is associated with executive functions such as 
attention and working memory (Curtis & D’Esposito, 2003) as well as emotion 
regulation. (Silvers, Wager, Weber, & Ochsner, 2015) The Montreal Nuclear Institute 
(MNI152) coordinates for this anatomical area when the ROI was overlaid on a standard 
1mm brain template, as shown in figure 9, are: X-36, Y-27, Z-36.  
 
Figure 9. Right Dorsolateral PreFrontal Cortex in red on an MNI152 T1 1mm brain 






Mapping of Network Functionally Connected to the rDLPFC  
DPARSF A, used to generate the Pearson’s correlation coefficient, identified the 
networks functionally connected to the rDLPFC. The two of most significant connectivity 
were the DMN and TPN, which encompasses the VAN and DAN. The functional 
connectivity between the rDLPFC and DMN versus SANS scores of all participant was 
plotted using R Studio. Figure 10 demonstrates the linear, negative relationship, in which 
participants experience lower negative symptoms of schizophrenia as reported by SANS 
scores when there is increased connectivity between their DMN and rDLFPC. This 
negative relationship is indicated by a Pearson’s correlation coefficient (r-value) of -
0.493 and its statistical significance by a p-value (0.000673) <0.001. Conversely, figure 
11 is a graph showing the positive relationship between the extent of functional 
connectivity between the TPN and rDLPFC and negative symptom severity. Those with 
greater connectivity between this network and ROI were found to higher on the scoring 
scale. This correlation value for the relationship had a r-value of 0.485 and was also 








0.000673 -0.4930418  
 
Figure 10. Default Mode Network Functional Connectivity to Right Dorsolateral 









0.0008587 0.4845619  
 
Figure 11. Task Positive Network Functional Connectivity to Right Dorsolateral 
PreFrontal Cortex Correlation with Increasing Negative Symptom Score 
 
 
Group Analysis of Varying Functional Connectivity to the rDLPFC in Relation to 
Negative Symptom Severity  
 
In order to further demonstrate the linear relationship between the functional 
connectivity of the DMN AND TPN to the rDLPFC and SANS scores, participants were 




on their SANS score with group 1 consisting of the highest scorers and 4 with the lowest 
as outlined in Table 3. Each group underwent a one sample t-test to analyze the degree of 
functional connectivity of each of their networks to the rDLPFC.  It was found that Group 
1, those with the highest SANS scores and thus the greatest negative symptom severity 
had minimal functional connectivity between the DMN (blue) and rDLPFC and a high 
level of connectivity between the TPN (red) and rDLPFC. (Fig. 12A) Those in the lowest 
SANS score group, Group 4 were found to have opposite network connectivity to the 
rDLPFC with the DMN (blue) highly connect and the TPN (red) less so. (Fig. 12D) 
Group 2 and 3 followed in the same trend to a lesser degree with incremental increases in 
the overlap of the DMN and rDLPFC and decreases in the overlap of the TPN as SANS 





Table 3. SANS Score Distribution by Group 
Participant  Group 1 Group 2 Group 3 Group 4  
1 72 40 30 22 
2 70 38 29 21 
3 67 36 29 20 
4 63 36 28 19 
5 62 34 26 19 
6 53 33 26 19 
7 50 31 25 19 
8 49 31 24 17 
9 49 30 24 17 
10 48 30 23 17 




A. DMN AND TPN Functional Connectivity to rDLPFC in Group 1  
 
B. DMN AND TPN Functional Connectivity to rDLPFC in Group 2 
 





D. DMN AND TPN Functional Connectivity to rDLPFC in Group 4 
 
Figure 12. Group Demonstration of Network Functional Connectivity by Negative 
Symptom Severity. Results of a one sample t-test of both the DMN and TPN functional 
connectivity to the rDLPFC in (A) top 25% (B) second highest 25%, (C) third highest 
25%, and (D) lowest 25% of reported SANS scores. In most symptomatic participants 
(Group 1), the rDLPFC was part of the TPN. In the least symptomatic (Group 4), this 
region was a part of the DMN. Groups with intermediate severity were intermediate in 
their connectivity to each network.  
 
Table 4. Legend for Functional Connectivity Maps (Figure. 10)  
Color Legend  Anatomical Region  
Green  rDLPFC  
Blue-Light Blue Scale  Default Mode Network (DMN)  






The following analysis conducted an entirely data-driven connectome wide study 
examining the relationship between negative symptoms severity and network topology. 
In doing so, the right dorsolateral prefrontal cortex was identified as a region with a high 
degree of variability in individual participants with a diagnosis of schizophrenia. The 
connectivity of a region in the rDLPFC was shown to be significantly correlated to the 
severity of negative symptoms experienced by these individuals. More specifically, the 
degree to which this region was a member of one of two large scale resting-state 
networks, DMN and TPN was directly linked to symptom severity. The individual 
variation in the membership of the two anti-correlated networks to the rDLPFC was 
found to result in different reports of negative symptom intensity. High scorers had 
significant TPN membership while lower scorers’ rDLPFCs were mostly occupied by the 
DMN.  
These findings are the first of its kind to establish a relationship between network 
topology and symptom severity. It holds great value in the field of psychiatric research as 
it provides some clarification of the pathophysiology of these otherwise vague symptoms. 
However, does identifying this critical part of the DLPFC convey some knowledge that 
might change clinical care? Can physicians actually leverage this knowledge to improve 
symptoms? From the findings of the previous analysis, it has been shown that decreased 
connectivity of the DMN to that critical region of the rDLPFC is linked to increased 
negative symptoms. Perhaps increasing this network’s connectivity to the ROI would 




cerebellum, thus this could be mediated by one or many nodal connections to the 
rDLPFC. If this is true, how can network connectivity be changed? How can the specific 
nodal connectivity be identified and targeted?  
One method to answer both of those questions is transcranial magnetic 
stimulation (TMS). TMS is a non-invasive brain stimulation technique that delivers 
electrical stimuli to the scalp of a conscious individual. rTMS aims to alter brain activity 
for extended periods of time beyond stimulation. (Klomjai, Katz, & Lackmy-Vallée, 
2015) The technique has also demonstrated the ability to change network functional 
connectivity. A recent study aimed at identifying the relationships between network 
organization and negative symptoms experienced by individuals with schizophrenia or 
schizoaffective disorder. Participants were administered rTMS twice a day for five days 
with a lag period of four hours in between each session, each day. (Fig. 13A) The site of 
stimulation was determined based on the hypothesis that the functional connectivity of 
the cerebellar node of the DMN and rDLPFC was the most significant correlate of 
negative symptom severity.  
While the duration, intensity and frequency of stimulation in the following study 
was determined based on group-level analysis, TMS was administered on the basis of 
individual MRI scans. A technique called neuronavigation was used to register the 
individual’s brain scan into a software, Brainsight. This allowed for individualized 
localization of the stimulation site. Neuronavigation is particularly useful as differences 
in individual’s locations of these brain regions can be accounted for in order to gain the 




scans one-week post-intervention demonstrated that rTMS was able to change the 
connectivity between the DMN and the rDLPFC. Analyses using rsfMRI scans to 
generate individual whole-brain connectivity maps examined which nodes’ functional 
connectivities (cerebral, cerebellar or both) to rDLPFC were most significant in the 
amelioration of negative symptoms. It was found that functional connectivity between the 
cerebellar node of the DMN and the rDLPFC was responsible for variation in negative 
symptom severity, as per the hypothesis. (Fig. 13B) (Brady et al., 2019)  
The combination of rTMS and rsfMRI demonstrated the ability to reverse the 
dysconnectivity of the cerebellar node of the DMN and rDLPFC as well as the 
identification of the specific node responsible for mediating negative symptoms. (Brady 
et al., 2019) The identification of this specific connection to the cerebellum is of 
relevance as dysfunction in this brain structure has been implicated as one of the causes 
of schizophrenia. The cerebellum is critical to motor and cognitive functioning, 
phenotypes that are often impaired in individuals with schizophrenia. (Parker, Narayanan, 





Figure 13. A) The study protocol- Baseline rsfMRI scan and symptom scales, 1 week/ 
twice daily TMS to the cerebellum and 1-week follow-up post TMS rsfMRI scan and 
symptom scales. B) Graph demonstrates the decrease in negative symptoms as reported 
by the Positive and Negative Syndrome Scale (PANSS) as the DLPFC (left image of 




 Limitations to the following analysis included the use of only the SANS as an 
assessment of negative symptoms while there are several other methods that assess 
negative symptoms. This scale was chosen as it was the only one that specifically looks at 
participants’ negative symptoms alone. The sample size was limited (n=45) and thus 
replicability in a larger sample is needed.  





The use of rsfMRI to identify large-scale resting networks has expanded our 
knowledge of the organization of the human brain and the means by which to understand 
it. This particular imaging technique analyzed through approaches such as MDMR 
allowed the identification of this critical region of the rDLPFC implicated in the varying 
experience of negative symptom severity in individuals with schizophrenia. The 
combination of two revealed the importance of network membership of the DMN and 
TPN to the ROI of the rDLPFC. More specifically, the modification of a circuit including 
the cerebellar node of the DMN and the region of the rDLPFC was shown to provide 
symptom relief.  
 While the relationship found in the imaging analysis between negative symptoms 
severity and network membership to the RDLPFC is purely correlational, the one 
established using TMS was causal. The findings of the TMS study demonstrated a relief 
in negative symptoms due to the administration of TMS. It also allows for 
individualization in regards to targeting the location of stimulation on each brain and 
determining intensity of stimulation through individual motor threshold. Therefore, this 
technique demonstrates the ability to be translated into viable tool for clinical use. rsfMRI 
and TMS, used in conjunction, present an ideal example of the shift in paradigm needed 
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